We propose a methodology to evaluate social projects from an (equality of) opportunity perspective by looking at the effect of the program on (parts of) the distribution of outcomes conditional on morally irrelevant characteristics, taken here to be parental education level and indigenous background. The methodology is applied to evaluate the effects of Mexico's oportunidades program on children's health outcomes. The evidence indicates that children from indigenous background tend to benefit from the program, while there is no convincing evidence that the program negatively affects other children.
Introduction
The present paper attempts to evaluate the Mexican oportunidades program by evaluating the change in opportunities for health of two to six years old children brought about by the program. This program is a large scale conditional cash transfer program that started in 1998, where poor rural households receive cash in exchange for complying with preventive health requirements and nutrition supplementation, education and monitoring. The impact of the program on the health outcomes of children younger than 1 year after the program was in operation for two years was analyzed by Gertler (2004) and Rivera et al. (2004) . The effect of the size of the cash transfer on the health of children aged 2 to 5.5 years of age were analyzed by Fernald et al. (2008) . We add to this literature by doing program evaluation from the perspective of children's opportunities rather than by identifying average treatment effects. To operationalize the opportunities, we find inspiration in recent theories of (equality of) opportunities.
In this literature (see, e.g., Fleurbaey (1995) , Bossert (1995) and Roemer (1993) or, for a recent survey, Fleurbaey (2008) ) one makes a distinction between two kinds of factors that influence the outcome under consideration. At the one hand, there are circumstances, characteristics for which the individual is not responsible, such as his race, sex and parental background. At the other hand, there are efforts, characteristics for which individuals are taken to be responsible, such as hard work. The idea is to compensate for the former, while respecting the influence of the latter. Recently Lefranc et al. (2009) extend this framework with a third factor, luck, which they define as random factors that are legitimate sources of inequality "as long as they affect individual outcomes and circumstances in a neutral way" (p. 1192).
In our context, where we apply the framework to health outcomes of children aged between two and six, we take as circumstances race (indigenous or not) and whether a parent had primary education or not. With each combination of circumstances corresponds a "type" in Roemer's terminology. Hence we have 4 types. Within each type outcomes can (and will) be different, due to factors that circumstances that have not been accounted for. In the present context, children's genetic make-up will probably be the most factor. Different normative theories treat genetic make-up as either a responsibility or a compensation factor. We argue that in the former case, comparison of treatment and control groups has to be limited to first order stochastic dominance of the cumulative distribution of health outcomes conditional on type, while in the latter second order stochastic dominance is acceptable.
The idea to use first and/or second order stochastic dominance to investigate equality of opportunity for a particular outcome is not new. 1 So far, it has only been applied to study whether opportunities are equal within a particular population (see, e. g., O'Neill et al. (2000) and Lefranc et al. (2009) where the outcome is income, or Rosa Dias (2009) and Trannoy et al. (2010) for adults' self-assessed health) or between different countries (see, e.g., Lefranc et al. (2008) for income) or regions (see, e.g., Peragine and Serlenga (2008) for education). We are the first paper to look at opportunity for health of very young children, as their health is not only important for their adult outcomes (see, e.g. Black et al. (2007) and Alderman et al. (2006) ), but is crucial in its own right. The most important contribution of the paper is that it is the first to apply stochastic dominance ideas to program evaluation.
Definitions and methodology
A child's health outcome, which we denote as h ∈ H = h, h ⊆ R, is the result of two types of variables: circumstances for which it is not responsible, c ∈ C (race, parental background) and a random variable l ∈ L representing genetic luck. From the perspective of the equality of opportunity literature, differences due to circumstances should be compensated. There is some discussion whether genetic luck is a circumstance or an effort variable. According to the libertarian principle of self-ownership agents are entitled to the full benefit of their natural personal endowment (Nozick (1977) ), which implies that differences in health due to genetic luck should be respected, such that l becomes an effort variable. Formally, we are then in Roemer's world with compensation characteristics and efforts, and we can motivate the use of looking at cumulative distribution functions by Roemer's identification axiom, which says that two persons at the same percentile of their type distributions of health have exerted a comparable degree of responsibility 2 . Hence, comparing the distribution of health conditional on a particular set of circumstances between the treatment and control group at a particular percentile shows the effect of the program on the health of someone that exercised a particular degree of effort.
Most people, however, will find that genetic luck is not a responsibility characteristic, but a compensation characteristic (as advocated by, e.g., Rawls (1971) ), which means that full equality of health for children at as good a level as possible should be the ideal. Still we chose to treat differences that result from l differently by looking at the conditional distribution functions. By comparing conditional cumulative distribution functions of control and treatment group, we will not only be able to see whether the treatment managed to compensate for differences in c but also whether the treatments managed to perform compensation for the influence of l. 3 When genetic make-up is a compensation characteristic, such compensation is desirable. If, however, children are responsible for l, this compensation (e.g., a Pigou-Dalton transfer between children of the same type) changes the rewards for different levels of effort and does not respect the influence of effort on the outcome, raising questions about the normative attractiveness of such compensation.
Let the conditional distribution of health in the control group be denoted by F (h | c) and for the treatment group by G (h | c). Health is measured such that higher values correspond to better health. We say that the project improves the opportunities for health of children with circumstances c if the conditional distribution G (h | c) first order stochastically dominates the conditional distribution F (h | c). We use data to estimate the cumulative distribution functions and test whether first order stochastic dominance occurs, such that the issue of statistical inference arises. We follow Davidson and Duclos (2009) and start from non-dominance as the null hypothesis. This approach has the main merit that, if we succeed in rejecting this null, the only other possibility is dominance, enabling us to draw the conclusion of dominance. By contrast, if dominance would be the null hypothesis, failure to reject dominance does not enable us to accept dominance. As they point out, taking non-dominance as the null comes at the cost that (with continuous distributions), it is not possible to reject non-dominance in favor of dominance over the entire support of the distribution. Accepting dominance is empirically sensible only over restricted ranges of the observed variable. This is incorporated in the following definition.
Definition FOI (First Order Improvements): the project leads to a first order improvement of the opportunities of children with circumstances c if (i) there exists H 0 ⊆ H such that G (h | c) ≤ F (h | c) for all h ∈ H 0 and the inequality holds strict for at least one h ∈ H 0 , and (ii) there does not exist H 1 ⊆ H such that G (h | c) ≥ F (h | c) for all h ∈ H 1 and the inequality holds strict for at least one h ∈ H 1 . This is quite a weak version of improvements in opportunities, and it suffices for most of what we do in this paper. Our approach will therefore be to follow the stochastic dominance test procedure developed by Davidson and Duclos (2009) to identify the maximal range over the supports of the distribution for which we are able to reject the null of non-dominance and, hence, accept dominance in favor or against the project. An additional advantage of this method is that it allows us to focus on dominance/non-dominance over relevant ranges of the observed variable, for example the range below -2 for standardized height (indicating stuntedness). Appendix 5 contains more details about the stochastic dominance tests.
Assuming that children are not responsible for l and that h is cardinally measurable, equalizing health outcomes within each circumstance class becomes desirable such that it becomes meaningful to ask whether the conditional distribution G (h | c) second order stochastically dominates the conditional distribution F (h | c). Similar statistical issues as for first order stochastic dominance arise, leading to the following definition.
Definition SOI (Second Order Improvements): the project leads to a second order improvement of the opportunities of children with circumstances c if (i) there exists
h ∈ H 0 and the inequality holds strict for at least one h ∈ H 0 , and (ii) there does not exist
for all h ∈ H 1 and the inequality holds strict for at least one h ∈ H 1 .
Observe that SOI favor treatments that, for those in the same circumstances, are redistributive in the sense of establishing a Pigou-Dalton transfer between their health. In our context, if children are not held responsible for anything (cfr Rawls (1971) ), such a transfer is desirable, but if responsibility plays a role (cfr Nozick (1977) ), second order improvements can be questioned as they may change the reward for different levels of effort in opposite ways and thus do not respect the influence of effort on the outcome. In case looking for SOI does not add much in our empirical application to the conclusions drawn from looking for FOI, we can conclude that for this particular application, the question of whether within each type children are responsible for the resulting differences in health is not crucial. We implement the test procedure for restricted second order stochastic dominance proposed and developed by Davidson (2009) .
A final comment on the empirical procedure is important. When comparing conditional distribution functions for program evaluation, it is important to be aware that the presence of unaccounted for pre-program characteristics that differ between the compared treatment and control groups can lead to wrong conclusions. Suppose we have two sets of characteristics, observable circumstances, c and unaccounted for pre-program characteristics x ∈ X.
We then have for those with circumstances c 1
This clearly shows that the composition of the c group in terms of x matters. Indeed, suppose the treatment has no effect (F (h | c 1 , x) = G (h | c 1 , x)), but the composition of those with circumstances c 1 is different between control and treatment groups, say f (x | c 1 ) is higher (lower) for (un-) favorable pre-program characteristics x -i.e. characteristics for which
, such that we would erroneously infer that the treatment had an adverse affect on the opportunities of those with circumstances c 1 . We will therefor test, for each circumstance group that we analyze, whether its composition in terms of pre-program characteristics is similar between the control and treatment groups. Observe that this goes further than standard practice where such tests are only performed on the entire control and treatment groups.
3 Data description
The treatment
The oportunidades program is a conditional cash transfer program: bimonthly cash transfers are provided to households in extreme poverty conditionally on school attendance of children, health care visits for all members of the households and presence at information sessions about primary health and nutrition. The amount of the transfers a households received depended on the number, age and sex of children. On average households receive about 20% of household consumption.
Special emphasis is placed on intervention for small children and their mothers. Prenatal and postpartum care visits, growth monitoring, immunization, management of diarrhea and antiparasitic treatments are provided to mothers and small children. Children between 4 and 23 months attend periodical medical check-ups, 9 in total. After 23 months and up to the age of 19 years, two check-ups per year are obligatory for all household members. Children between 6 and 23 months of age, lactating women and low weight children between 2 and 4 years of age receive milk-based micronutrient fortified foods with a daily equivalent recommended intake of zinc, iron and essential vitamins. 4 Oportunidades has become the largest social program in Mexico since it started in 1998. Today 5.8 million families participate in the program and in 2010 transfers to the poor total 60000 million pesos (about 4800 million dollars). From the start, data collection to enable evaluation of the program's effect has been a major concern. We next describe the data we used to evaluate the program's effect on children's health outcomes. 
Sample Design
We have three samples: an original treatment group (T1), which started to receive treatment in 1998, a second treatment group (T2) which started treatment about 24 months later 5 and a control group (C) that never received treatment. Figure 1 describes how the samples were constructed.
The selection in the treatment groups proceeded in three steps (see, e.g., INSP (2005)). The first step selected localities for treatment. Highly deprived localities were identified on the basis of a deprivation index for each of the localities in the country for which sociodemographic data in national censuses were available. Localities with at least 50 and less than 2500 inhabitants that were categorized as having high or very high deprivation and had access to elementary school, middle school and a health clinic were eligible for treatment. A random procedure stratified by locality size proportional to the number of localities determined which localities receive treatment. The second step determined which households of the selected localities participate in the treatment. In the selected localities poverty conditions of all households were evaluated and households categorized as in extreme poverty were included in the program. This categorization was based on household income, characteristics of the household head and variables related to households' dwelling conditions. In the third step comments by a community assembly on the inclusion and exclusion of the households were taken into account, if these comments met certain criteria previously established for the identification of beneficiary families. These three steps lead to a selection of 506 localities (and their households). A random procedure assigned 320 of them to receive immediate treatment (T1); the remaining 186 form the delayed treatment group (T2). Behrman and Todd (1999) compared the characteristics of both groups. They found that statistical tests generally do not reject equality when the test is performed on locality means, but when the test is performed on household level data, much more rejections than would be expected by chance at conventional levels of significance are encountered. They suspect that these rejections might be due to the large size of the sample. Moreover, comparing the characteristics of youth aged 9 to 15 for the T1 and T2 groups in 1997 T1 and T2 groups in and 2003 T1 and T2 groups in , Behrman et al. (2009a argue that over time, attrition through migration for work, schooling or marriage led to observable differences between the two treatment groups.
The intention was to make the control group (C) as similar as possible to the treatment groups (see, e.g. Behrman et al. (2006) ). First localities that did not meet the criteria on access to elementary school, middle school and access to a health clinic were excluded. Next, a multiple matching propensity score method was used, based on data at the locality level as a function of several observed characteristics at the community level from the Census in 2000 that permit comparison with the localities of the original sample (both T1 and T2, see Behrman et al. (2006) last line p. 31). This lead to a selection of 151 localities, the households of which were included in the control group.
There are two important problems with the way the control group was selected 6 . First, matching at the locality level was done on the basis of a comparison with observable characteristics in 2000, which is at a time that the first treatment group already received treatment for two years. Matching should be done on the basis of characteristics before treatment started. Second, matching at the locality level does not imply matching at the household level (see Behrman and Todd (1999) ), especially since it is unclear whether only poor households are included in the control group.
We don't have data on all the children of the households that started the program in 1997 for three reasons. First, some households drop out of the sample due to classical problems of sample attrition. Second, the health data were only collected for a sub-sample of children. Third, due to problems with the household identifiers, it appeared impossible to match all children for which health data are available uniquely to one household. We only included the unique matches in our samples (which accounts for more than 80% of the children -see appendix 1). The second and third problem also occurred in the control group. These problems can aggravate the problem that the samples are different in terms of pre-program characteristics.
Our empirical strategy is the following. First we compute treatment effects by simply comparing the treatment and control sample. Next, we use a logistic regression approach to test for each type whether there are statistically significant differences in composition between the treatment and control sample in 1997 for the households with children that were observed in 2003. We propose a propensity score matching technique to correct for the under-(and over-) representation of some household types and compare treatment effects by comparing the resulting weighted treatment and control samples. 
Circumstances and outcomes
Normative theory requires us to obtain a full description of children's circumstances. In reality an exhaustive description is not available in surveys and due to the limited number of observations the inclusion of an extensive set of circumstances is statistically unworkable. For these reasons, we limit ourselves to two sets of circumstances. The first circumstance refers to parental background. In the literature on equality of opportunity for income this variable is used most frequently, is always statistically significant and is considered to be the most important circumstance characteristic (see, e.g., Bourguignon et al. (2007) who study inequality of opportunity for earning in Brazil) . We expect that this variable will be even more important in the determination of very young children's health outcomes and measure parental background by a dichotomous variable indicating whether at least one of the child's parents completed primary education. The second circumstance variable refers to the indigenous background of the child. There is a substantial literature indicating that indigenous people remain disadvantaged in Mexico. We consider the child to have an indigenous background if at least one parent can speak and/or understand an indigenous language. Observe that we don't include the sex of the child (boy or girl), as existing evidence (see, e.g., Backstrand et al. (1997) ) indicates that sex is an unimportant determinant for young children's health outcomes in Mexico.
Combining these 2 binary characteristics gives us 4 types in Roemer's terminology. The following table shows that there are some remarkable differences in sample composition between the control group and the treatment groups when we partition the samples on the basis of indigenous origin (I = indigenous, N=non-indigenous) and parental level of education (P = Primary, L = Less than primary). Clearly, the control group contains less indigenous children whose parents did not complete primary education and more non-indigenous children with at least one parent completing primary education than both treatment groups. Since we compare cumulative distribution functions for those having the same circumstances, this creates no problem for our analysis. As shown in the previous section, problems arise when there are important differences in terms of pre-program characteristics between the treatment and control households for the type considered.
We focus on five different health outcomes. Two important measures of malnutrition among children are anaemia, which we define as having hemoglobin levels lower than 110 g/l, and stunting, which covers a wider range of nutritional deficiencies and is defined as height for age below 2 standard deviations of the WHO International Growth Reference. The latter implies that in a reference population about 2.3% of the population is stunted. As reviewed by Grantham-McGreger and Ani (2001) , anaemia (iron deficiency) in infancy has been shown to be associated with poorer cognition, school achievement and behavior problems into middle childhood. Branca and Ferrari (2002) point out that stunting is as- sociated with developmental delay, retarded achievement of development milestones such as walking, later deficits in cognitive ability, reduced school performance, increased child morbidity and mortality, higher risk of developing chronic diseases, impaired fat oxidation which stimulates the development of obesity, small stature later in live and reduced productivity and chronic poverty in adulthood. In a recent paper, Alderman et al. (2006) use Zimbabwean data and find that low height-for-age in pre-school children reduces height in adolescence, retards school enrolment and completed grades of schooling. 7 These two measures of malnutrition will be treated as continuous variables; we focus on the entire distribution of hemoglobin levels (standardized weight for height), on the fraction that is anaemic (stunted) and on the distribution of hemoglobin levels within the anaemic (standardized weight for height within the stunted). Three other health outcomes are based on standardized BMI: being underweight (UW: standardized BMI < −1.645), being at risk of overweight (ROW: standardized BMI > 1.15) and being overweight (OW: standardized BMI > 1.645). These cut-off values are such that in a reference population 5% of the children is underweight, 15 % at risk of being overweight and 5% overweight. Our final health outcome is based on the parents' reported number of days that the child was sick during the previous 4-week period. Here we consider the fraction for which zero days and the fraction for which more than 3 days sick were reported. Tables 2, 3 and 4 provide information on the outcome variables of the control, treatment 1 and treatment 2 samples, respectively. Looking at "All" households it is striking that the different entries are similar for all health outcomes in the three tables, except for days sick: less sick days were reported for children in the treatment groups than in the control group. About one child in four is anaemic and one in three is stunted. Compared to a reference population, there are far too 7 More in particular, if children would have been well-nourished (increasing the mean height-for-age from -1.25 to 0), they would have been 3.4 centimeters taller in adolescence, have an additional 0.85 grades of schooling and a reduction in the ages at which they start school by six months. This translates in a 14% increase in lifetime earnings. (Alderman et al. (2006), p.466) When looking at the distribution of health outcomes over the types, unsurprising but interesting patterns emerge. Comparing IP with NP and IL with NL, we see that indigenous children have, except for reported days sick, worse health outcomes than non-indigenous children. The differences are substantial, especially for hemoglobin concentration and standardized height in the control group. Children whose parents have less than primary education have worse outcomes than children who had at least one parent that completed primary education. Again the difference seems largest in the control group. These results are very much in line with the literature, see, e.g., Backstrand et al. (1997) 
Empirical Results

Comparison of treatment and control groups
Consider for each health outcome the type that is worst-off in table 2. It is easy to verify that this type has a better health outcome in the corresponding entry in both tables 3 and 4 than in table 2. This suggests that, for each of the health outcomes considered, the treatments have a positive effect on the worst-off types.
In table 5 we look at the effect of the treatments on the fraction of anaemic, stunted, at risk of being overweight and the fraction of children for which zero sick days or more than three sick days during the last 4 weeks were reported. Effects that are statistically significantly different from zero at five (ten) percent are indicated by two (one) "*" 8 . Each entry gives the positive or negative effect of the treatment. Remember that there are two interpretations possible. If children are responsible, a desirable effect on these fractions means that less "effort" allows them to escape the bad condition of being anaemic, stunted, at risk of being overweight, being sick or more than three days sick. If children are not responsible, a desirable effect simply means that treatment manages to avoid the bad conditions of being anaemic, stunted, at risk of being overweight, being sick or more than three days sick for more children of a particular type. T1-C  T2-C T1-C  T2-C  T1-C  T2-C  T1-C  T2-C  T1-C  T2 We see that the treatment effects reported in table 5 are quite substantial and, if significant, are all but one positive. The significant undesirable treatment effects occurs for the NP group (T1, stunted). While this adverse effect of the treatment is worrying, table 2 shows that this group had by far the lowest fraction of stunted children in the control group and tables 3 and 4 show that this group continues to have the lowest fraction of stunted children in the treatment groups. Looking at the objective indicators (anaemic, stunted, risk overweight), we find the largest treatment effects for indigenous children. Significant effects here are only found for the second treatment on the risk of being overweight (both indigenous groups) and the fraction of stunted children (for IL). For the subjective indicators based on reported days sick we find large significant treatment effects for non-indigenous children. Figure 2 presents the results of the stochastic dominance tests. The horizontal axis denotes the numerical value of the variable of interest (hemoglobin concentration, standardized height or BMI), and the rectangles depict the maximal range over the supports of the distributions for which the null hypothesis of non-dominance is rejected at 5 percent level of significance against the alternative of first or second order stochastic dominance 9 . Within each rectangle, there is an acronym "XYi" of which the first two characters "XY" indicate the name of the groups that are compared (XY=IP, IL, NP or NL), and the last character "i" (i=1 or 2) indicates whether the alternative hypothesis is first or second order dominance. If the diagonals in the rectangle are not drawn, the rejection favors the distribution of the treatment group; if the diagonals are drawn, the rejection favors the distribution of the control group.
Take figure 2, panel (a). The rectangle labelled "IP1" shows that for the IP group the null that the cumulative distribution of the treatment and control groups are equal has to be rejected against the alternative that the distribution of the treatment group first order stochastically dominates the distribution of the control group over the range [9.3,10.9] . The rectangle labelled "IP2" establishes a similar result for second order stochastic dominance over the range [13,14.2] , which is further up in the distribution than for first order stochastic dominance. The reason is that second order stochastic dominance looks at the areas under the cumulative distributions and in this case negative surfaces (occurring before 9.3) have to be overcome before the null can be rejected against the alternative of second order stochastic dominance. For the IL group similar patterns are found, but the area over which the null of non-dominance can be rejected is much wider, indicating that rejection is more powerful. Looking at the results for the NL group we again find dominance in favor of treatment. For the NP group, however, we find rejection of non-dominance in favor of the control group, which is evidence of an adverse treatment effect. The other panels in figure 2 can be interpreted similarly. In panel (b) two new phenomena pup up. First, for the IL1 group we have at the same time a range where the null is rejected in favor of the treatment group and another range where the null is rejected in favor of the control group. Second, the NP2 rectangle is missing as the null of non-dominance cannot be rejected. The most striking result in panel (c) is the wide range over which the null is rejected in favor of the control group, confirming the strong adverse treatment effect for this group also found in table 5. Panel (d) shows evidence of strong positive effects of the program on standardized height for the indigenous groups. This has positive effects on indigenous children's risk of overweight, as can be seen in panel (f) and table 5.
Comparison of weighted treatment and control groups
As stated at the end of section 2, a crucial assumption to identify treatment effects on the basis of a simple comparison of the outcomes of treatment and control groups is that f (x | c 1 ) = g (x | c 1 ), implying that the two groups must be similar in terms of pre-program characteristics. If that is the case, after conditioning on c 1 , observing x does not provide any information on whether an observation belongs to the treatment or control group. We test this hypothesis as follows.
For each type, define a sample containing those that belong to both the T1 and C (alternatively the T2 and C) sample. Next we perform a logistic regression, where the dependent variable takes the value 1 if the observation belongs to the control sample and the value 0 if it belong to the T1 sample. Explanatory variables are characteristics of the family, the family's dwelling characteristics, possession of assets and the state of residence (see appendix 2 for more details). All these characteristics are measured in 1997, before the program started 10 . The results are reported in table A2 in appendix 2. We find that many of the characteristics significantly affect that probability that the observation comes from the control group, such that the hypothesis that treatment and control groups are comparable in terms of composition of pre-program characteristics has to be rejected.
In the identification of average treatment effects, a standard way to deal with differences in composition of treatment and control sample is to use propensity score matching techniques. The idea is to make the treatment and control samples more comparable by weighting different observations with weights that depend on the estimated probability that the observation belongs to the control group, as estimated by the logistic regression discussed in the previous paragraph. Appendix 3 explains this procedure and how the weights are used to obtain estimates of the relevant distribution functions. Appendix 4 provides the equivalents of tables 2, 3 and 4 based on the weighted samples. Observe that in the matched T1 and C samples treated indigenous children (table A3) are better-off than in the unweighted sample (table 3) while especially non-indigenous children without a parent having completed primary school are worse-off. When comparing the T2 and C matched samples, the treated non-indigenous children without a parent that completed primary education are clearly worse-off than in table 4, while the control indigenous children are worse-off than in table 2. Reproducing table 5 for the PSM samples results in table 6 . Adjusting for differences in composition of the samples has some remarkable consequences for the treatment effects in table 6. First, we find much more significant positive T1-C  T2-C  T1-C  T2-C  T1-C  T2-C  T1-C T2-C  T1-C  T2 One (two) "*" indicates that the effect is statistically significant from zero at the ten (five) percent level. Standard errors corrected for clustering at locality level.
treatment effects for the indigenous groups. This result has to be qualified due to the limited quality of the matching procedure for these groups -see figure A1 in appendix 3. Second, for the NP group, the adverse effect of the first treatment on the fraction of stunted children is smaller and is no longer significant. Third, for the non-indigenous children all positive treatment effects on the subjective indicators have decreased in size and are no longer significant. By contrast, the effect on the subjective indicators of the indigenous population have become significant. Figure 3 presents the results of the stochastic dominance tests for the weighted samples. The interpretation is similar to the interpretation of figure 2. Hence we limit ourselves to a discussion of the most striking differences with our findings for the unmatched samples.
With the matched samples in figure 3 we find even stronger evidence of substantial positive program effects for children from indigenous origin. The negative treatment effects on the most privileged group, NP, have largely disappeared. The negative treatment effects that remain for this group occur at areas in the distribution that are of limited concern (e.g., hemoglobin concentration more than 11 and standardized height larger than -2). The only worrying project effect that remains is the effect on the risk of overweight for NL group under the first treatment in panel (e). However, it should be noted that table 6 shows that the effect on the fraction at risk of overweight is insignificant 11 . In addition, panel (f) shows positive project effects of the second treatment for this group. We can conclude that the oportunidades program leads to first order improvements of indigenous children's opportunities for health.
Conclusion
By now there is a growing literature on the measurement of inequality of opportunity. So far, the ideas in this literature have not been applied to evaluate social programs. We propose a methodology to do so.
The idea is to follow Roemer (1993)'s suggestion and partition the program participants into "types" on the basis of characteristics that should not influence children's outcomes, and compare the distribution of outcomes of the treatment and control group from the perspective of stochastic dominance (as applied by Lefranc et al. (2009) to establish existence of unequal opportunities), using the tests of stochastic dominance recently developed by Davidson and Duclos (2009) and Davidson (2009) . We also pointed out that, as in the literature on the computation of average treatment effects, one must verify whether treatment and control groups are comparable in terms of exogenous (including pre-program) characteristics. In case they are not comparable, one can use a standard technique such as propensity score matching to make the groups (more) comparable. We applied this procedure, including the propensity score matching technique, to study the effect of the Mexican oportunidades program on children's health opportunities. Concerning the proposed methodology two conclusions can be drawn. First, for this particular application, looking for second order improvements does not add much to the conclusions drawn from first order improvements. Hence, here it does not matter for the conclusions whether children are considered responsible for their genetic make-up or not. Second, the treatment and control groups differed substantially in terms of pre-program characteristics. It is then important to use techniques such as propensity score matching that make the groups (more) comparable. Concerning the actual effects of the program, our results indicate that the oportunidades program has a favorable impact on the opportunities of children of indigenous origin. The effect on non-indigenous children is more ambiguous, but, overall, we find no convincing evidence of adverse program effects.
Appendix 1: sampling procedure. (a) number (b) % of (a) number % of (b)  T1  3315  2778  84  1843  66  T2  2615  2200  84  1351  61  C  2247  1871  83  1871  100  Total  8177  6849  84  5065  74 Appendix 2: results of the logistic regressions.
Our specification for the logistic regression is close to the specification used for propensity score matching by Behrman et al. (2009b) and Behrman and Parker (2010) . The dependent variable equals 1 if the observation comes from the control group and 0 otherwise. Explanatory variables are based on pre-program characteristics of the treatment groups and recalled 1997 characteristics of the control group. We have four kinds of explanatory variables.
(1) Household characteristics: the ages of the household head and spouse (in years), sex of household head, whether the household head and spouse worked, and composition of the household (number of children, women and men of different ages).
(2) Dwelling conditions of the household: number of rooms in the house and a list of dummy variables indicating the presence of electrical light, running water on the property, running water in the house (which implies of course presence of running water on the property), a dirtfloor and whether the roof and wall were of poor quality.
(3) Asset information: dummy variables indicating whether the family owned animals or land and whether the family possessed a blender, fridge, gas stove, gas heater, radio, hifi, TV, video, washing machine, fan, car or truck.
(4) State of residence: a list of dummy variables indicating the state where the family lived. The reference state (all state of residence dummies equal to zero) is Veracruz.
For each of the 4 types (circumstance groups) a separate logistic regression is estimated for both treatment groups; we estimate in total 8 logit equations. Table A1 gives the estimated coefficients. Missing entries for some variables (such as, for instance in the second column for video) occur when the variable in question perfectly predicts being in the control or treatment group. Appendix 3: matching estimator and construction of the corresponding distribution function.
STEP1 : Propensity score matching
The estimated logistic regressions allow us to compute for each observation the propensity score P i , the probability that the observation is in the control group, given its preprogram characteristics x i . Figure A1 (next page) depicts the estimated propensity scores.
STEP 2: Construction of the cumulative distribution function.
Let I 1 denote the set of individuals participating in the program (i.e. the set containing the individuals in either the T1 or T2 group), I 0 the set of individuals in the control group and S P the region of common support. The number n 0 gives the number of individuals in the set I 0 ∩ S P . The outcome of individual j in the control group is Y 0j and the outcome of individual i in the treatment group is Y 1i . Let D = 1 for program participants and D = 0 for those who don't participate in the program.
The purpose is to match each individual in the control group with a weighted average of individuals in the treatment group. The usual estimator of the average treatment effect then becomes
The construct E (Y 1j | D = 1, P j ) is the outcome of the individual matched to individual j. Of course that average treatment effect can be written as
The first term is the average of the matched observations, which attaches to each of the original observations Y 1i a weight
It is therefore natural (and consistent with the standard model of the estimation of average treatment effects) to use for each observation Y 1i the weight ω i to construct the cumulative distribution function. There exist many possible ways to determine the weights W (i, j). We use a Kernel estimator, such that
where G (.) is a kernel function and α is a bandwidth parameter. Appendix 5: testing stochastic dominance
We explain the approach by focussing on tests for first order stochastic dominance. Davidson (2009) shows how the approach must be generalized to test for stochastic dominance of arbitrary order.
For two populations A and B, with cumulative distribution functions F A (z) and F B (z) over the union U of their supports, we wish to test the null hypothesis of non-dominance of A by B The null of non-dominance can never be rejected over the entire interval U , as at the lower and upper limits of the supports we always have F B (z) = F A (z). Hence we test for non-dominance over a range R = [r min , r max ] in the interior of U. Non-dominance over R implies that there exists at least one z in R such that F B (z) ≥ F A (z). When, for the empirical distribution functionsF A andF B , there exists a y ∈ R such thatF B (y) ≥F A (y), there is non-dominance in the sample and we do not wish to reject the null. Davidson and Duclos (2009) restrict the test to a test of the frontier of the null hypothesis against the alternative hypothesis of dominance of B over A. The frontier of the null hypothesis is the case whereF A (y) >F B (y) for all y ∈ R except for one point y * wherê F A (y * ) =F B (y * ). They show that, for configurations of non-dominance that are not on the frontier, the rejection probabilities of the test presented here are no greater than they are for configurations on the frontier.
For each point in R, we calculate an unconstrained empirical likelihood ratio statistic and a constrained empirical likelihood ratio statistic, the statistic under the frontier of the null, i.e. imposing the null of non-dominance). The square root of the double difference between these two statistic is then our test statistic. 12 We denote this value by LR. Next, we determine the value for which LR is minimal, as this is the most likely point at which non-dominance cannot be rejected.
In order to make statistical inference about the value of the minimal LR, we perform bootstrap simulations as Davidson and Duclos (2009) points out that bootstrapping leads to considerable gains in the reliability of inference. In these bootstrap simulations, the probabilities of resampling are adjusted so as to satisfy the null hypothesis under test. These probabilities are a by-product of the constrained empirical likelihood ratio estimation. For each bootstrap sample, we calculate the minimal LR statistic and we repeat the resampling 3000 times so that we get an idea of the distribution of the minimal LR under the frontier of the null hypothesis. The p-value of the sample statistic is then the fraction of bootstrapstatistics greater than the sample statistic.
When there is dominance in the sample, we report the results by giving the longest interval [ r − , r + ] for which the hypothesis max z∈[ r − , r + ] (F B (z) − F A (z)) ≥ 0,
